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Abstract
HTTPAdaptive Streaming (HAS) has become a cost effec-
tive means for multimedia delivery nowadays. However,
how the quality of experience (QoE) is jointly affected by
1) varying perceptual quality and 2) interruptions is not
well-understood yet. In this paper, we present the first
attempt to quantitatively quantify the relative impacts of
these factors on the QoE of streaming sessions. To achieve
this purpose, we firstmodel the impacts of the factors using
histograms, which represent the frequency distributions of
the individual factors in a session. By using a large dataset,
various insights into the relative impacts of these factors
are then provided, serving as suggestions to improve the
QoE of streaming sessions.
1 Introduction
HTTP Adaptive Streaming (HAS) has become a popular
solution for multimedia delivery nowadays. In HAS, a
video is encoded into multiple versions with different bi-
trates (and so different quality values). Each version is
further divided into short segments [1]. Based on network
statuses, suitable versions of individual segments are se-
lected and delivered to clients so that the highest possible
quality of experience (QoE) can be provided to users. To-
wards effective version selections, a main challenge is to
quantify the impacts of factors on the QoE of streaming
sessions.
Previous studies have investigated, both qualitatively
and quantitatively, different factors affecting the QoE of
HAS sessions [2–4]. In general, there are three key fac-
tors, namely initial delay, varying perceptual quality, and
interruptions as shown in Fig. 1. The initial delay refers
to the waiting time before watching a video [5]. Varying
perceptual quality refers to quality changes of segments
in a session as a consequence of network bandwidth fluc-
tuations. This factor could be further divided into two
sub-factors. The first, called quality levels, refers to con-
tributions of high and low segment quality levels on the
QoE. The second, called quality variations, refers to im-
pacts of segment quality switches. Interruptions refer to
instances of rebuffering while watching a video [5].
In the literature, the impact of varying perceptual qual-
ity was modeled using some statistics such as the number
of switches [6, 7], the average [4, 6, 8, 9], the median [10],
the minimum [10], and the standard deviation of segment
quality values [6]. As for interruptions, their impact was
modeled using some statistics such as the number of in-
terruptions [11, 12], the average [11], the maximum [11],
and the sum [12,13] of interruption durations.
Different from the two above factors, the impact of the
initial delay was mostly found to be small [14–16]. In
addition, as the initial delay appears only once at the be-
ginning of a session, it is simple to individually model the
impact of this factor using a function of the initial delay
duration. This could be a linear function [12], an exponen-
tial function [13], or a logarithmic function [5, 17]. Thus,
in this study, we mainly focus on the two more important
factors of varying perceptual quality and interruptions.
Though previous studies [5, 11–13, 18] have revealed
some general behaviors of each individual factor, insights
into relative impacts of different events (i.e., switching and
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Figure 1: A taxonomy of key factors
interruptions) during a session are very limited. The un-
derstanding of such relative impacts can help make more
effective adaptation decisions. For example, instead of
abrupt down-switching to a very lowquality value, remain-
ing a moderate quality value with a very short interruption
could bring a higher QoE. However, to the best of our
knowledge, there are only two studies in [3,19] that could
give some findings on this issue. In particular, the authors
in [19] show that a down-switch can result in a comparable
impact to an interruption. Meanwhile, an extensive study
with YouTube users in [3] indicates that an interruption
has three times the impact of a quality switch. Both the
studies are not clear how different degrees of switches can
be compared to different interruption durations, and so
causing the confusion between the conclusions.
In this paper, our aim is to quantitatively investigate the
relative impacts of different events of quality switching
and interruption. In particular, we focus on answering
four important questions below.
• How different are the impacts of different segment
quality levels?
• What are the impacts of quality switching types? Do
switches with higher switching amplitudes always
cause more negative impacts? Does the starting qual-
ity of switches have any influence on the QoE?
• How different are the effects of different interruption
durations?
• What are the relative impacts between quality switch-
ing types and interruption types? Do interruptions
always result in more negative effects than quality
switches?
For this purpose, we first extend our QoE model using
histograms that has been presented in [17]. In particular,
switches are classified into different types based on not
only their switching amplitudes (i.e., differences of seg-
ment quality before and after switching) but also starting
quality values (i.e., segment quality values before switch-
ing). Then, by using two more datasets, the reliability of
the model is confirmed. Finally, based on an analysis of
the model parameters, the impact of each switching or in-
terruption type could be quantified. Also, various insights
into their relative impacts are provided, which help answer
the above questions.
The remainder of the paper is organized as follows. Sec-
tion 2 presents the related work. The quality model, which
aims at quantifying the relative impacts of different switch-
ing and interrupting events, is described in Section 3. The
performance of the proposed model is analyzed in Sec-
tion 4. Section 5 draws a set of insights into the impacts
of the factors on the QoE. Finally, Section 6 concludes the
paper.
2 Related Work
In this section, we first present related work on the impact
of each single factor. Then, relative impacts of factors
found in previous studies are described.
2.1 Single Factors
Aforementioned, the factor of varying perceptual qual-
ity could be divided into two sub-factors of quality levels
and quality variations. The contributions of quality levels
were investigated in many existing studies [4, 6, 8, 9]. It
was found that, given a quality level, its contribution de-
pends on its total presence time during a session [12, 20].
To model these contributions, some statistics of segment
quality values such as the average [4, 6, 8, 9], the me-
dian [10], and the weighted sum [12] can be used.
There have been some findings on the impacts of quality
variations presented in [3,20–22]. The experiment results
in [3, 22] show that users expect the number of quality
switches (or quality switching frequency) as low as pos-
sible. In contrast, the finding in [3] is that users prefer
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constant quality to varying quality. Even the impact of
frequent quality switching may be more than four times
higher than that with no quality change. Meanwhile, the
impact of the number of quality switches is found to be
negligible in [20, 21]. In particular, no significant dif-
ference was observed between high and low numbers of
quality switches. The disagreement in the conclusions
may stem from the fact that the use of the number of
quality switches equitably treats all quality switch types
while they may cause significantly different impacts. In
other words, the conclusions are specific to only the cor-
responding experiment results in the original papers, but
not general in practice.
Some in-depth investigations on the impact of qual-
ity variations were conducted with classifying quality
switches [12, 19–21]. It is found that the impacts
of up-switches are much smaller than those of down-
switches [12]. In addition, abrupt up-switches may not
be worse than smooth up-switches [19, 21]. Meanwhile,
down-switches with larger switching amplitudes cause
more negative impacts [20, 21]. Similar conclusions are
also given in [23], where the authors quantify the impacts
of switching types with different switching amplitudes.
However, these findings are limited because it cannot dif-
ferentiate switches having different starting quality values
(e.g., a switch from 5 MOS to 3 MOS is in fact not the
same as a switch from 3 MOS to 1 MOS). So far, there
has been no study on the impact of starting quality values
of switches.
In most existing studies, the impact of quality variations
are modeled using some statistics such as the number of
switches [6, 7], the minimum [10], and the standard de-
viation of segment quality values [6]. In our previous
study [17], it is found that the use of histograms of switch-
ing amplitudes is very effective to model the impact of this
sub-factor.
With regard to interruptions, the authors in [3] showed
that users prefer a single interruption to multiple interrup-
tions. The impact of a single interruption is modeled as an
exponential function of its duration in [5]. To model the
impacts of multiple interruptions, several previous studies
used the number of interruptions [11,12], the average [11],
the maximum [11], and the sum [12, 13] of interruption
durations.
2.2 Relative Impacts of Factors
Recently, many QoEmodels have been proposed for HAS.
However only a few are multi-factor models [12,13]. The
studies in [2,11,24,25] modeled the contributions of qual-
ity levels and interruptions. However, the impact of quality
variations was not considered. In [13], the authors pro-
posed a model taking into account the impacts of quality
variations and interruptions. Yet, this model does not
include the impacts of quality levels.
To the best of our knowledge, the authors in [12] pro-
posed the first QoE model taking into account all the three
(sub-)factors of quality levels, quality variations, and in-
terruptions. This model is built in two steps, which are 1)
separately modeling and then 2) combining the impacts of
factors. In particular, the impact of a quality level is mod-
eled by the total presence time of that quality level. For the
impacts of quality variations, the authors used the mean
square of down-switching amplitudes. The impact of in-
terruptions is modeled using the number of interruptions
and the sum of interruption durations. In the latest stage of
standardization ITU-T P.1203 [26], a multi-factor model
is recommended. In this model, the impacts of quality lev-
els, quality variations, and interruptions aremodeled using
various statistics such as the difference between the maxi-
mum and minimum segment quality values, the weighted
sum of segment quality values, and the number of inter-
ruptions.
Although the factors were modeled in the above stud-
ies, the relative impacts of these factors have not been
quantified. In the literature, there are very few studies in-
vestigating this issue. In [19], the finding is that a quality
switch can cause a comparable impact as an interruption.
However, the switching and interruption types considered
in that study are limited. In particular, only two specific
pairs consisting of two switching types and two interrup-
tion types were compared in that study. An study in [3]
revealed that an interruption has three times the impact of
a switch. However, the switching and interruption types
are not clearly defined.
In this study, we, for the first time, attempt to fully
quantify the impacts of different switching and interrup-
tion types. Based on obtained results, a set of insights into
the relative impacts of the factors are provided.
3
3 Proposed QoE model
In this section, we first present two main components of
the proposed model. The first, denoted QPQ, represents
the impact of varying perceptual quality. The second,
denotedDIR, represents the impact of interruptions. Then,
a combination of these components to predict the QoE is
given.
3.1 Impact of Varying Perceptual Quality
To model the impact of varying perceptual quality, we uti-
lize two histograms of two sub-factors, i.e., quality levels
and quality variations.
In particular, each segment is represented by a quality
value (i.e., MOS), which can be obtained by subjective
tests [6,17,20] or estimated from encoding parameters [10,
18]. The range of segment quality values is split into N
intervals {IQn |1 ≤ n ≤ N}, which are given by
IQn = [n − ϑLn, n + ϑUn ), (1)
where ϑUn and ϑLn are parameters to define the intervals’
widths. Each interval IQn corresponds to a segment quality
bin BQn . If a segment quality value is in interval I
Q
n , it
belongs to bin BQn .
In the proposed model, each quality switch is repre-
sented by a starting quality value and a switching ampli-
tude. To define switching amplitudes, we use the concept
of “quality gradient”, which is given by
∇Q = ∂Q/∂t, (2)
where ∂Q is the change of segment quality values in time
interval ∂t.
Currently, we use the quality value of the segment just
before switching to represent the starting quality value, and
quality changes between two segments right before and
after switching to represent the instant gradient value at
each switch. A positive (negative) gradient value indicates
an up-switch (down-switch). The range of gradient values
is split into (2 × M + 1) intervals {IVj | − M ≤ j ≤ M},
which are defined by
IVj = [ j − θL j , j + θUj ), (3)
where the parameters θUj and θL j define the intervals’
widths.
Each quality switching bin {BVi, j(1 ≤ i ≤ N, −M ≤
j ≤ M)} is defined by two intervals IQi and IVj . A switch
belongs to bin BVi, j if its starting quality value is in interval
IQi and its switching amplitude is in interval I
V
j .
Let FQn denote the normalized frequency of seg-
ment quality values in bin BQn (1 ≤ n ≤ N). FVi, j
denotes the normalized frequency of switches in bin
BVi, j(1 ≤ i ≤ N,−M ≤ j ≤ M). Note that FQn is normal-
ized by the number of segments. FVi, j is normalized by the
total number of switches and interruptions. The perceptual
quality QPQ is modeled by
QPQ =
N∑
n=1
αnF
Q
n −
N∑
i=1
M∑
j=−M
βi, jFVi, j, (4)
where αn and βi, j are respectively the weights of bin BQn
and bin BVi, j .
In this study, we use the Absolute Category Rat-
ing method with a 5-grade scale, which is widely
used for quality assessments of streaming sessions in
HAS [19, 21, 26, 27]. So we currently split the range
of segment quality values into N = 5 bins, and the
range of gradient values into 9 intervals (M = 4) with
ϑUn = ϑLn = θL j = θUj = 0.5.
It can be seen that intervals {IVj | j > 0} contain up-
switches, interval IV0 represents quality maintaining, and
intervals {IVj | j < 0} include down-switches. As noted in
the previous study of [23], the impacts of down-switches
are significant while the impacts of non-negative switches
(including up-switches and quality maintaining) are neg-
ligible. So, we simplify the proposed model by grouping
all the bins of non-negative switches into one bin (denoted
by Bum). The normalized frequency Fum of this bin is
given by
Fum =
N∑
i=1
M∑
j=0
FVi, j . (5)
Then, the simplified perceptual quality model is given by
QPQ =
N∑
n=1
αnF
Q
n −
N∑
i=1
−1∑
j=−M
βi, jFVi, j − βumFum, (6)
where βum is the weight of bin Bum. With the simplified
model, the number of model parameters (i.e., weights) can
be reduced by approximately a half.
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(a) (b)
Figure 2: Distribution of interruptions: (a) left, the num-
bers of interruptions per session; (b) right, interruption
durations.
Table 1: Intervals of Interruption Durations.
Interval (s)
I I1 I
I
2 I
I
3 I
I
4 I
I
5 I
I
6
(0.0, 0.25] (0.25, 0.5] (0.5, 1.0] (1.0, 2.0] (2.0, 3.0] (3.0,+∞)
Table 2: Features of Source Videos
Video Framerate (fps) Type Content
Motion
activity
Spatial
complexity
Video #1 24 Animation
Slow move-
ments of
characters
Low Complex
Video #2 24 Animation
A fight be-
tween two
characters
High Simple
Video #3 24 News
A reporter in a
weather fore-
cast
Medium Complex
Video #4 24 Sport A soccermatch High Complex
3.2 Impact of Interruptions
To investigate the impact of interruptions, a histogram of
this factor is defined as follows. Each interruption is repre-
sented by its duration. The range of interruption durations
is divided into L intervals {I I
l
|1 ≤ l ≤ L} corresponding
to L interruption bins {BI
l
|1 ≤ l ≤ L}. Let F I
l
be the
normalized frequency of interruptions in bin BI
l
. Note
that F I
l
is normalized by the total number of switches and
interruptions. The impact of interruptions DIR is modeled
by
DIR =
L∑
l=1
γlF Il , (7)
where γl is the weight of bin BIl .
To define the representative intervals I I
l
, a series of
video streaming experiments was performed on a real
testbed. In these experiments, we recorded totally 120
streaming sessions with at least one interruption per ses-
sion. The distributions of the number of interruptions and
interruption durations are shown in Fig. 2. We can see
that, the number of interruptions per session is typically
from 1 to 6. About 40% of the sessions contains only
one interruption. Besides, about 13% of the observed in-
terruptions has durations shorter than 0.25 seconds, and
about 10% longer than 3 seconds. Based on these obser-
vations, we split the range of interruption durations into
L = 6 intervals as shown in Table 1. Note that the special
interval I I6 includes interruption durations longer than 3
seconds.
3.3 Overall QoE Model
Finally, the proposed model, which integrates the above
components to predict the QoE of streaming sessions, is
given by
QoEpred = max(QPQ − DIR, 1). (8)
This model has totally 22 model parameters which enable
comparisons of impacts between switching and interrup-
tion types presented in Section 5.
4 Performance Evaluation
To evaluate the prediction performance of the proposed
model, we combine our two databases presented in [17,
28]. The combination database consists of 288 sessions,
of which 168 contain only one single factor (i.e., either
varying perceptual quality or interruption) and 120 include
both the factors. From this database, we choose 50 pairs of
training and test sets. In particular, for each pair, the test set
consists of 90 sessions randomly selected from the multi-
factor sessions. The corresponding training set consists
of 198 remaining sessions (i.e., 168 single-factor sessions
and 30 remaining multi-factor sessions). The training set
is to obtain model parameters using least squares fitting.
The test set is to evaluate prediction performances. The
results presented in the following are the average values
over the 50 test sets.
Table 3 shows the performance of the proposed model
in terms of Person Correlation Coefficient (PCC) and Root
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Table 3: Performance of the Proposed QoE Model
Model Training set Test setPCC RMSE PCC RMSE
Proposed 0.97 0.27 0.95 0.30
Mean Squared Error (RMSE). It can be seen that the pro-
posed model achieves very high PCC values and very low
RMSE values. In particular, the PCC and the RMSE val-
ues are (0.97, 0.27) for the training sets and (0.95, 0.30)
for the test sets. This indicates that the proposed model
can predict well the QoE of streaming sessions with the
impacts of varying perceptual quality and interruptions.
4.1 Model Parameters
Similar to [12], Tables 6, 7, and 8 show the values of
the model parameters {αn, βi, j, γl} corresponding to the
test set which achieves the highest PCC value (i.e., 0.96)
among the 50 test sets. It is interesting to see that the
weights αn and γn increase w.r.t. their indexes of n
and l, respectively. The weight βum of the non-negative
switching bin Bum is equal to zero. For down-switching
bins {BVi, j | j < 0}, their weights {βi, j} increase when the
switching amplitudes get larger values or the starting qual-
ity values become lower. More detailed discussions about
these weights will be made in Section 5.
4.2 Model Comparisons
In this part, a comparison of prediction performance be-
tween the proposed model and four existing models is
conducted over two databases. The first is our database,
where prediction performances are the average values over
the 50 test sets mentioned in Subsection 4. The second is
an open database (called VL04) of the ITU-T P.1203 stan-
dardization procedure (P.NATS) [29, 30]. This database
consists of sixty 1-minute long sessions generated from
three different videos. The performances of the models
are calculated over all these sixty sessions.
A description of the proposed model and the four
existing models, denoted by Guo’s [10], Vriendt’s [6],
Liu’s [12], and P.1203 [26,30–32], is presented in Table 4.
It can be seen that these models use various statistics to
model the impacts of the factors. The models Guo’s and
Vriendt’s only take into account the impacts of varying
perceptual quality. Meanwhile, the remaining models in-
clude the impacts of both varying perceptual quality and
interruptions.
According to Recommendations ITU-T P.1401 [33] and
ITU-T P.1203 [26], we conducted a compensation for test
condition differences between models. In particular, each
reference model is re-implemented by using parameters
stated in the original study. Then, a first-order linear
regression is performed to adjust the predictedQoEvalues.
Finally, after the adjustment, the prediction performance
is calculated. The coefficients (i.e., slopes and intercepts)
of the regression and performance corresponding to each
database are presented in Table 5.
It can be seen that, with using our database, the proposed
model achieves the best prediction performance (i.e., the
highest PCC value and the lowest RMSE value). Specif-
ically, the PCC and RMSE values of the proposed model
are respectively 0.95 and 0.30 MOS. It is clear that the
models Guo’s and Vriendt’s fail to predict the QoE val-
ues of multi-factor sessions since they do not include the
impacts of interruptions. Thus, their PCC values are low
(i.e., ≤ 0.77), and their RMSE values are very high (i.e.,
≥ 0.58MOS). For the models Liu’s and P.1203, their per-
formances are significantly lower than that of the proposed
model. In particular, the PCC and RMSE values are re-
spectively 0.78 and 0.56 MOS for the model Liu’s, and
0.85 and 0.42 MOS for the model P.1203. A possible
explanation for this result is that these models use some
statistics such as the number of switches and the number
of interruptions to model the impacts of varying percep-
tual quality and interruptions. However, these statistics
can not fully reflect switches and interruptions occurring
in a session as they can not distinguish different switching
types and interruption types. Meanwhile, thanks to the
use of the histograms, the proposed model can differenti-
ate different switching and interruption types, and so can
more effectively model the impacts of the factors.
5 Analysis of relative impacts
5.1 Impacts of Factors
In this subsection, we quantitatively analyze the impacts
of the factors by discussing the weights of the bins in the
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Table 4: Description of the proposed and existing models
Models Statistics used to represent the impacts of factors
Varying Perceptual Quality Interruptions
Guo’s [10] Median segment quality valueMinimum segment quality value —
Vriendt’s [6] Number of switchesAverage and standard deviation of segment quality values —
Liu’s [12] Weighted sum of segment quality valuesAverage of the squares of down-switching amplitudes
Sum of interruption durations
Number of interruptions
P.1203 [26]
Number of switches
Number of quality direction changes
Longest switching duration
First and fifth percentile of segment quality values
Average of segment quality values in each interval
Weighted sum of segment quality values
Difference between the maximum and minimum of segment
quality values
Number of interruptions
Weighted sum of interruption durations
Average time distance between interruptions
Sum of interruption durations
Time distance between the last interruption and
the end of session
Proposed Histogram of segment quality valuesHistogram of switching amplitudes Histogram of interruptions
Table 5: Adjustment Coefficients and Performances of the Proposed Models and Existing Models
Model
Our database VL04
Coefficients Performance Coefficients Performance
Slope Intercept PCC RMSE Slope Intercept PCC RMSE
Guo’s 0.53 0.84 0.69 0.61 0.75 0.67 0.72 0.62
Vriendt’s 0.56 0.71 0.77 0.58 0.81 0.50 0.71 0.63
Liu’s 1.18 -1.32 0.78 0.56 — — — —
P.1203 1.14 -1.30 0.85 0.42 1.04 0.08 0.88 0.42
Proposed — — 0.95 0.30 0.79 0.82 0.90 0.39
Table 6: Parameters of the Segment Quality Component
α1 α2 α3 α4 α5
1.11 2.20 3.20 4.00 4.50
proposed model.
Firstly, we give analysis of theweightsαn of the segment
quality bins BQn shown in Table 6. It can be seen that these
weights increase with their indexes n. This implies that a
higher quality level has bigger contribution in the QoE of
sessions. In other words, the contribution of the highest
quality level is biggest, which is similar to the finding
in [20]. Note that, only two quality levels are considered
Table 7: Parameters of the Quality Switching Component
βi, j
Starting quality value (i)
5 4 3 2
Quality
switching
amplitude
(j)
Non-neg.
(βum) 0.0
-1 0.01 0.01 3.93 7.89
-2 3.93 4.13 14.36 —
-3 18.69 18.99 —
-4 24.76 —
in [20]. It is interesting to see that most of these weights
are similar to the midpoints of the corresponding intervals
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Table 8: Parameters of the Interruption Component
γ1 γ2 γ3 γ4 γ5 γ6
0.00 8.42 16.15 24.16 45.58 50.65
IQn , except for the weight α5. The reason may be because
it is, in fact, difficult to achieve 5 MOS even at perfect
quality [5, 34].
Next, we quantitatively investigate the impacts of qual-
ity variations. Table 7 reports the weights βi, j of the
quality switching bins BVi, j . It is found that the impacts of
switches depend not only on switching amplitudes but also
on starting quality values. With the same starting qual-
ity value, the larger the switching amplitude is, the more
serious the impact becomes. Also, given a switching am-
plitude, the lower the starting quality value is, the more
negative the impact is. This means, when having the same
switching amplitude, a down-switch in low quality ranges
is more severe than in high quality ranges. For example,
as β3,−2 > β4,−2 and β4,−2 > β5,−2, a switch from 3 MOS
to 1MOS has more negative impact than that from 4MOS
to 2 MOS, which is in turn worse than from 5 MOS to
3 MOS.
Although the switching amplitude is smaller, β2,−1 is
higher than β5,−2 and β4,−2. This reveals that switches
having larger switching amplitudes may not cause more
negative impacts. From Table 7, it is also observed that
the weights of β2,−1, β3,−2, β4,−3, and β5,−4 (in increasing
order) are very large (up to 24.76). So it is recommended
to avoid switching to very low quality levels (i.e., around
1∼1.5MOS), especially from a high starting quality value.
In addition, the weight βum turns out to be zero. This re-
confirms the finding in [23] that the impacts of up-switches
and quality remaining are negligible. Therefore, it is un-
necessary to classify up-switches (like down-switches).
This finding is in line with those obtained in [19, 21] that
abrupt up-switches may not be worse than smooth up-
switches. Even users prefer switching up to and then
maintaining a high quality level to gradual switching. In
addition, this result implies that switching to higher qual-
ity levels is preferred to remaining at low quality levels,
which is in agreement with [21].
In contrast, a study in [3] shows that frequent quality in-
creasing can lead to significantly larger impacts compared
to no quality change. This observation can be obtained
Figure 3: An example of four sessions with different qual-
ity variations.
when comparing a session having frequent up-switches in
low quality ranges with a session having quality fixed at
higher levels. However, this conclusion may not be cor-
rect for up-switching in high quality ranges and quality
remaining at low levels. Therefore, to avoid confusions,
findings should be specific to switching types.
To better understand some statistics of segment quality
values, Fig. 3 shows some cases of sessions with different
quality variations. All the cases have the same statis-
tics including the average, the median, the maximum, the
minimum, and the standard deviation of segment quality
values. However, it can see that quality variations are very
different in these cases. So these statistics are not able
to fully reflect quality variations occurring in a session.
Although the number of switches in the case #4 is higher
than in the cases #1, #2, and #3, the predicted QoE value
(from the proposed model) of the case #4 is similar to that
of the case #3, but significantly higher than that of the
cases #1 and #2. It is because that, in both of the cases #3
and #4, down-switches have small amplitudes, and there
is no down-switch to very low quality levels. Meanwhile,
the cases #1 and #2 have down-switches from 5 MOS to
1 MOS, which cause very serious impacts. This result
suggests that the larger number of switches may not lead
to the lower QoE value.
Then, we discuss the weights γl of the interruption bins
BI
l
shown in Table 8. We can see that, the larger the index
l is, the higher the weight γl becomes. This means that
the impact of interruptions increases with their durations.
Especially, the weight γ0 is zero, implying that users are
generally tolerant of interruptions having durations less
than or equal to 0.25 seconds. For interruptions with
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longer durations, their impacts are much more negative.
In a comparison between the weights βi,i and γl , it can
also be observed that the weights γ5 and γ6 are very large
(45.58 and 50.65), even larger than the weights βi, j of any
quality switching bins. This indicates that an interruption
with duration longer than 2 seconds is more annoying to
users than any down-switches. Therefore, avoiding such
interruptions should be of the highest priority, possibly at
the cost of abrupt switches.
Meanwhile, the weight γ2 is close to the weight β2,−1
(i.e., 8.42 and 7.89). This result is in-line with [19] that
a down-switch may cause a comparable impact as an in-
terruption. Moreover, it can be seen that the weight γ3 is
considerably lower than the weights β5,−3, β4,−3, and β5,−4.
This indicates that a down-switch can even result in more
serious impacts than an interruption. In other words, an
interruption does not necessarily result in more negative
impacts than a down-switch.
In [3], the finding is that an interruption has three times
the impact of a switch. However, the types of interruptions
and switches are not clearly mentioned. It can be seen that
the weight γ4 (i.e., 24.16) is approximately three time
of the weight β2,−1 (i.e., 7.89). However, for different
weight pairs, the ratio considerably changes. This again
shows that findings should be specific to switching and
interruption types.
Similar to switching types, different interruption types
have different weights. Therefore, the number of interrup-
tions, the average, the maximum, and the sum of interrup-
tion durations are also not able to fully reflect interruptions
occurring in a session.
Finally, it can be seen that the above findings are enabled
by the use of histograms in the proposed model. In this
way, it is possible to provide a set of insights into the
relative impacts of the different factors. In other words, the
use of the histograms is more flexible and comprehensive
than the use of some statistics such as the average, the
median, the minimum, and the standard deviation.
5.2 Remarks of Results
Based on the above results and discussions, some remarks
on the impacts of the factors can be summarized as follows.
• First, it is found that a higher quality level has bigger
contribution in the QoE of sessions.
• Second, the effects of switches depend on not only
switching amplitudes but also starting quality values.
So switches having larger amplitudes do not neces-
sarily cause more negative impacts.
• Third, it is suggested that switching to a very low
quality value (i.e., around 1∼1.5 MOS) should be
avoided, especially from a high starting quality value.
• Fourth, the impact of interruptions increases with
their duration. Interruptions having durations less
than or equal to 0.25 seconds have trivial influences.
Meanwhile, interruptions having durations longer
than 2 seconds should be avoided with the highest
priority, possibly at the cost of abrupt switches.
• Fifth, an interruption does not necessarily result in
more negative impacts than a down-switch.
• Finally, the impacts of varying perceptual quality and
interruptions can be effectivelymodeled by using his-
tograms.
6 Conclusions
In this paper, we have first proposed a QoE model tak-
ing into account the impacts of varying perceptual quality
and interruptions. Then, by using the two databases, the
experiment results have showed that the proposed model
has high prediction performance and outperforms the four
existing models. Finally, by discussing the model param-
eters, a set of the insights into the impacts of the factors
have been provided in detail to each switching and inter-
ruption type. We hope that the findings in this paper will
be useful for researchers in better understanding the factors
affecting the QoE of streaming sessions, and further pro-
viding some suggestions to improve adaptation strategies
in HTTP Adaptive Streaming.
For future work, we will extend the propose model to
take into account the impact of the initial delay. Besides,
we will seek to apply the proposed model in evaluations
and developments of adaptation strategies, such that they
can utilize network resources to provide the best quality
of experience.
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